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Abstract: Regardless of age, it is always important to detect deviations in long-term blood pressure
from normal levels. Continuous monitoring of blood pressure throughout the day is even more
important for elderly people with cardiovascular diseases or a high risk of stroke. The traditional
cuff-based method for blood pressure measurements is not suitable for continuous real-time
applications and is very uncomfortable. To address this problem, continuous blood pressure
measurement methods based on photoplethysmogram (PPG) have been developed. However, these
methods use specialized high-performance hardware and sensors, which are not available for common
users. This paper proposes the continuous systolic blood pressure (SBP) estimation method based on
PPG pulse wave steepness for low processing power wearable devices and evaluates its suitability
using the commercially available CMS50FW Pulse Oximeter. The SBP estimation is done based
on the PPG pulse wave steepness (rising edge angle) because it is highly correlated with systolic
blood pressure. The SBP estimation based on this single feature allows us to significantly reduce the
amount of data processed and avoid errors, due to PPG pulse wave amplitude changes resulting
from physiological or external factors. The experimental evaluation shows that the proposed SBP
estimation method allows the use of off-the-shelf wearable PPG measurement devices with a low
sampling rate (up to 60 Hz) and low resolution (up to 8-bit) for precise SBP measurements (mean
difference MD = −0.043 and standard deviation SD = 6.79). In contrast, the known methods for
continuous SBP estimation are based on equipment with a much higher sampling rate and better
resolution characteristics.
Keywords: blood pressure estimation; photoplethysmogram; pulse wave; pulse oximeter;
wearable device
1. Introduction
It is very important to be able to determine the moment when physiological parameters deviate
from normal levels in order to prevent chronic diseases. The dynamics of observed physiological
parameters are more important over the long-run than accurate instant values, which are used in an
emergency or cases of critical health disorders. It is important to detect the degree of a physiological
parameter’s deviation from normal during a day, week, month or even a year, as well as the length of
such a deviation. If deviation persists for a long time, this can suggest the risk of irreversible changes.
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Timely detection of such dangerous deviations from normal and an immediate start of treatment can
help to avoid negative and irreversible health changes.
Therefore, the long-term constant observation of physiological parameters, such as blood pressure
allows us to reduce the healthcare costs, as discussed in Reference [1], minimizes the risk of visiting
secondary healthcare institutions, and ensures a better quality of life for a longer period. Blood
pressure measurements made at home indicate the state of the cardiovascular system better than
those obtained during regular visits to a doctor, as discussed in Reference [2]. A very significant
proportion of chronic diseases are cardiovascular diseases. Atherosclerosis and endothelial function
changes are accompanied by a rise in blood pressure. As suggested in Reference [3], increasing
blood pressure values, measured at home, can be considered as a prognostic sign of atherosclerosis
or endothelial dysfunction. Long-term blood pressure variability, obtained during daily home blood
pressure measurement (HBP), can show internal organ damage or risk of cardiovascular events,
as reported in Reference [4]. The authors of [5] show that increased blood pressure is a potential
dementia illness risk factor; thus, registering the dynamics of blood pressure for elderly people can
serve as a preventive mental health disorder measure. Hence, the continuous monitoring of blood
pressure is critical for the prevention and diagnosis of hypertension and cardiovascular diseases.
Both SBP and diastolic blood pressure (DBP) are important to assess the state of the cardiovascular
system, but according to References [6–8], systolic hypertension is much more common than diastolic
hypertension, and systolic blood pressure contributes more to the huge global disease burden
attributable to hypertension than diastolic pressure. Systolic blood pressure is much more important
for elderly people and their health state evaluation, as discussed in References [9–12]. Since elderly
people are the major group of geriatrics patients, which are subjects of this study, the estimation of
systolic blood pressure is the main focus of this paper.
The traditional auscultatory blood pressure measurement method is not continuous and is quite
uncomfortable, because it uses a cuff wrapped around the arm which is inflated repeatedly. To address
this problem, continuous blood pressure measurement methods have been developed recently. The
most popular methods for continuous and cuﬄess blood pressure monitoring are based on pulse
transit time (PTT) [13–18]. However, PTT is calculated using two signals (usually electrocardiogram
and pulse wave), which is quite difficult to implement in wearable devices for daily use.
Blood pressure estimation methods which are based on one-channel pulse wave measurements
are less complex and allow us to create wearable devices which are more comfortable for the end users.
A pulse wave is often obtained using the photoplethysmogram (PPG) optical measurement method.
Blood pressure measurement methods based on one-channel PPG are implemented using stationary
medical devices [10,19–22], original PPG measurement devices, such as those in References [23–25],
or even smartphones [26,27]. The smartphone approach is not truly continuous, since the user does
not wear a PPG sensor. Meanwhile, stationary medical devices or devices created in laboratories are
hardly wearable or are available only for a very small group of potential users.
Therefore, this research investigates the possibility of using commercial-off-the-shelf wrist pulse
oximeters for continuous cuﬄess blood pressure measurement, since they are certified, quite cheap,
and, most importantly, accessible to everyone (see Figure 1).
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If a pulse oximeter is capable of PPG signal transmission over Bluetooth or Wi-Fi, then it is possible
to send PPG values to a mobile phone or another device for further SBP estimation and SBP value
recording. This allows us to implement a 24/7 system for SBP monitoring.
Other authors usually obtain PPG signal values using a 125–1000 Hz sampling rate and 8–12-bit
resolution analog digital converter (ADC) [10,13,15,19–25]. However, energy consumption is the key
feature of wearable devices, and a lower sampling rate and resolution allow us to significantly reduce
ADC energy consumption, as discussed in Reference [28]. Moreover, the energy used for the data
transmission is lower as well, because of the lower number of bytes per sample and the samples per
second rate.
This paper proposes a novel approach for the estimation of SBP, using a much lower PPG sampling
rate and resolution than other authors and analyzing not all of the PPG pulse wave, but its rising
edge only, thereby reducing the number of calculations (and energy consumption) to obtain a result.
Experimental evaluation is done using a CMS50FW wrist pulse oximeter with a 60 Hz sampling
frequency and 8-bit resolution, which is widely available, quite cheap and is capable of transmitting
PPG values over Bluetooth.
2. Materials and Methods
The methodology proposed in this paper is depicted in Figure 2.
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The PPG signal preprocessing is performed, including normalization and filtering, pulse wave
peak and valley point detection, as well as base line correction and peak line correction, as described in
the following sections. The systolic blood pressure values are estimated from PPG according to the
mathematical model proposed in our previous work [29].
2.1. Systolic Blood Pressure Estimation Model
The mathematical–physical model for SBP estimation proposed in Reference [29] is based on






where d is the diameter of the artery, d0 is the initial diameter of the artery, h is the thickness of the
artery wall, ε = d/d0 is strain, σ is stress, E is the Young’s modulus, and θ is Poisson’s ratio.
Although pressure (p), stress and Young’s modulus are different physical quantities, they have
the same dimensions dim(p) = dim(σ) = dim(E) − L−1MT−2, where L is length, M is mass, and T is
time; hence, an equals sign can be written between them: p ≡ E ≡ σ. Hence, Young’s modulus in
Equation (1) can be changed with pressure without losing physical meaning. Changing one physical
quantity to another when their dimensions are equal is quite common practice, which can be seen by
comparing the Bramwell–Hill and Moens–Korteweg equations describing pulse wave velocity. The
Moens–Korteweg equation uses Young’s modulus, while Bramwell–Hill uses pressure.
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When blood pressure p(t) changes during the cardiac cycle, the diameter of artery d(t) changes as




(1− θ2) , (3)
where p(t) is the blood pressure change function during the cardiac cycle (blood pressure pulse wave).
Function p(t) is called the pressure pulse wave (PPW) in the remainder of this paper, while relative
deformation variation d(t)/d0 is the deformation pulse wave (DPW), where d0 is the artery diameter
at the beginning of the cardiac cycle. Let us denote DPW as D(t) = d(t)/d0, and the remainder of






, leading to the following Equation (4):
p(t) = K·D(t). (4)
If the stress–strain characteristic is linear, i.e., E = const., then, if K is known, p(t) values can be
calculated for the whole cardiac cycle interval. Usually, we are interested in finding the maximum
PPW value, systolic blood pressure value pi = max(p(t)), which is achieved during time period ts at the
i-th cardiac cycle.
If K = const. in Equation (4), then the DPW steepness tan(γ)i = DPW(t)/t during i-th cardiac cycle is
tan(γ)i = const., while the systolic blood pressure value pi = max(p(t)), when 0 ≤ t ≤ ts, can be obtained
as following Equation (5):
pi = K· tan(γ)·ts, (5)
where pi and tan(γ)i change equally during each cardiac cycle.
The DPW form depends on the stress–strain characteristic, which is not linear in the case of blood
vessels. Because of this, pressure and deformation pulse waveforms are different, while K , const.
The authors of [30–32] show that in the part where PPW and DPW are changing most rapidly, their
trajectories concur (see Figure 3).
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Figure 3. (a) PPW and DPW trajectories; (b) nor lized PWn = PPW/max(PPW) and DPWn =
DPW/max(DPW) trajectories coinc de.
Hence, tan(γ)max_i correlates with the systolic blood pressure value of the i-th cardiac cycle, and
this SBP value can be calculated using Equation (5) and taking the steepest part of the DPW rising
edge: tan(γ)max_i = max(tan(γj)), 1 ≤ j ≤M − 1, where M is the number of sampled points of DPW rising
edge, γj is the angle between the base line and the line drawn through the j-th and (j + 1)-th points of
rising edge, and i is the pulse wave number.
2.2. Signal Preprocessing
SBP is estimated in two steps. The initial step includes the calculation of systolic blood pressure
values as an average value obtained from 15 pulse waves. Later medians of these values are averaged
once more (see the “Systolic blood pressure estimation algorithm” subsection and Equation (6) for
details) to get the final result. Averaging is common practice to reduce variability. In order to get
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a mean value, which reflects the real value with a probability higher than p = 0.5, more than 10 values
should be taken for averaging. The time period of the PPG record, which contains at least 15 pulse
waves, is called the blood pressure estimation window (BPEW) (see Figure 4). The time span for BPEW
is based on the minimum possible heart rate of elderly patients with bradycardia, which can fall to
40 bpm. In such a case, one pulse wave fits in 60/40 = 1.5 s (the time interval between two heartbeats).
Therefore, BPEW should not be less than 15 × 1.5 ≈ 23 s (we used a 25 s BPEW for better results). The
BPEW duration remains constant during the whole PPG recording time.
The signal being recorded is influenced by various noise sources: Breath, PPG sensor motion noise,
high voltage lines’ inducted noise, low amplitude PPG signal, and premature ventricular contraction,
as reported in Reference [33]. This can lead to a situation where BPEW does not contain 15 pulse
waves suitable for processing. In such a case, BPEW is dropped, and the next 25 s BPEW is taken for
further calculations (non-overlapping moving window principle). This is completely acceptable for
soft real-time self-measured blood pressure (SMBP) monitoring, since the final SBP value is estimated
from several BPEW (in our case, one SBP value is obtained in a 5-min period, as explained later).
Additionally, to reduce such cases, PPG sensor motion noise is eliminated using common signal
processing methods.
The width of the signal preprocessing window (SPW) is chosen according to the breath period,
because it is the lowest-frequency noise in the signal. The inhalation phase in the PPG signal gives
a rising/falling trend. Normally, in a calm state, a person performs around 10–20 breath cycles per
minute, while inspiration takes approximately 5 s, as discussed in References [34–37]. Therefore, SPW
= 5 s is chosen for signal preprocessing in BPEW (see Figure 4).
Figure 4. PPG with signal preprocessing window (SPW), blood pressure estimation window (BPEW)
and peak detection window (PDW).
The following steps are performed for PPG signal preprocessing:
(1) Normalization: The PPG signal in SPW is replaced by a signal with a zero mean and variability
equal to one.
(2) Filtering: Although the power of the high-frequency harmonics is small compared to the
harmonics in low and mid-frequency bands (see Figure 5b), their influence on the form of the signal in
the time domain is still obvious (see Figure 5a).
Various algorithms are proposed for noise filtering: Empirical mode decomposition [38], discrete
wavelet transform [39–41], infinite impulse response (IIR) [10] and fast Fourier transform [26]. The FFT
technique is chosen in this work, the output of which is shown in Figure 6.
The largest part of the energy of the PPG signal is accumulated in the frequency band up to 16 Hz.
In this frequency band, the average frequencies describe the pulse wave structure, while the high
frequencies define the details of the pulse waveform, as discussed in Reference [42]. The FFT filter is
implemented by zeroing the frequency band above 16 Hz according to Reference [43]. The filtered
signal (see Figure 7) is obtained by reverse FFT; then, the signal is normalized, making its average
equal zero.
(3) Eliminating the rising/falling trend of the signal: As mentioned before, the inspiration phase takes
approximately 5 s, and therefore SPW contains PPG, which is influenced by breathing (see Figure 4),
resulting in a rising/falling signal trend. To eliminate this linear trend in SPW, the least squares method
is used to find the straight line (see Figure 8a) of this trend. Then, each PPG signal value is decreased
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by the corresponding value of this straight line, resulting in a detrended PPG signal, as depicted in
Figure 8b.
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(4) Pulse wave peak point detection is performed using the adaptive peak detection window (PDW)
method [44], which starts by setting PDW as the minimum heart contraction period. Then, PDW is
divided into three parts, and according to the proposed algorithm, the heart rate is calculated. PDW
is increased, divided into three parts and the heart rate is calculated again. This process is repeated
until the PDW width reaches its maximum possible period. The histogram is constructed from the
obtained heart rates, and the period corresponding to the most commonly found heart rate is used as
optimal PDW.
Such an algorithm sometimes gives incorrect results when more than two pulse waves fall into
PDW; for example, if a heart rate is 200 bpm and PDW width reaches 1.5 s (40 bpm), then 5 pulse
waves will fall into the PDW. Besides, if the heart rate is low, this algorithm is not efficient in terms of
calculation time.
We modified this method by changing the PDW definition rules. These rules are applied for each
SPW separately, as defined in Algorithm 1.
Algorithm 1. PDW size calculation
1 procedure pdw (p1, p2) ∇A: Input Signal
∇ mHR: min Heart Rate
2 Tmin = (1/mHR)*1/2; L = round(Tmin/Fs);
3 i = 1; N = length(A)/L;
4 while (i+1)*L <= N do
5 [k1, c] = linaprox(A(i*L-L+1: i*L))
6 [k2, c] = linaprox(A(i*L:(i+1)*L))
7 if k1 > 0 and k2 < 0
8 then p1 =i*L-L+1; p2 = (i+1)*L;
9 goto 16 line
10 end
11 if (k1 < 0 and k2 < 0) or (k1 < 0 and k2 > 0)
12 then i = i + 1; goto 15 line
13 if (k1 > 0 and k2 > 0)
14 then L = L + 0.1*L;
15 end /*While*/
16 end
The first part of PDW can contain a pulse wave falling edge (or part of it), while the rising edge
of the wave appears at the end of PDW. In such a case, the pulse wave peak will not fall into PDW.
To detect the beginning of PDW (p1) and its end (p2), PDW = 2L signal values are taken from SPW,
where L is number of values fitting in half of the minimum period Tmin.
The least squares method is used to derive straight lines through A(p1:L) and A(L:p2). If the
slopes of these lines are negative (k1 < 0, k2 < 0), then the values belong to the falling edge of the pulse
wave (see Figure 9a), and PDW is shifted to the right by the L values. If the slope coefficients are
positive (k1 > 0, k2 > 0), then the values belong mostly to the rising edge, but they do not contain peak
values (see Figure 9c). In this case, L is increased by 1/10 and new slope coefficients are found.
When k1 < 0 and k2 > 0 values belong to the rising and falling edges of the pulse wave, but do not
contain a peak (see Figure 9b), the PDW is shifted to the right by the L values. Only when k1 > 0 and k2
< 0 does the PDW contain a peak value (see Figure 9d).
(5) Pulse wave valley point detection is performed using the algorithm proposed in Reference [45].
(6) Base line correction: This step is performed when the starting points of pulse waves in BPEW
are found. When a PPG signal is filtered, the unwanted harmonics are eliminated, while base line
corrections give a signal whose values vary about a constant value. However, the line connecting
the starting points of each pulse waveform a piecewise linear curve. This means that the amplitude
values of the pulse wave’s starting and ending points are different. For this reason, incorrect start
Appl. Sci. 2019, 9, 2236 8 of 16
points, peak points, and rising edge slopes of the pulse wave can be found; thus, base line correction is
implemented as explained in Reference [46] (see Figure 10a).
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(7) Peak line correction: This correction is performed when pulse wave peak are f und in BPEW.
The form of the DPW rising edge trajectory (not the amplitude) carries information about systolic blood
pressur as explained in Reference [29]. Therefore, it is important to ensure uniform time-amplitude
proportions of all DPW rising edges. When the DPW sampling rate is 60 Hz, the variability of duration
of the rising edge is low, as reported in Reference [47], which results in a constant value of abscissa
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(time) and does not affect the time–amplitude proportions. The motion of the arms or body of the
patient (with sensors put on them) results in an uneven amplitude fluctuation during PPG registration
and distorts the rising edge trajectory time–amplitude proportions. Therefore, the peak line (connecting
pulse wave peak points) correction helps to eliminate random amplitude changes (see Figure 10b),
without influencing the form of the pulse wave.
This correction is done for each pulse wave (when base line correction is performed, and all pulse
wave starting point values become zero) by dividing its values by maximum value, as explained in
Reference [48].
2.3. Systolic Blood Pressure Estimation Algorithm
Systolic blood pressure is estimated using Equation (5). Coefficient K is found for each subject
experimentally from one 5 min duration training period and later is used for all testing periods. Coefficient
K is determined using Equation (5) in such a way that the difference between estimated (from PPG
record) and measured (using a conventional cuff-based meter) blood pressure values would be minimal.
SBPei (0 ≤ i ≤ length (BPEW), i—value number) is estimated for each pulse wave rising edge in BPEW
as described in Figure 11.
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Therefore, in this work, for a 5-min PPG period, we calculate one SBPe value using Equation (6),
which is equal to the mean of the medians (see Figure 13):
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2.4. Experiment Setup
A commercial blood pressure meter with a cuff (OMRON M1) was used as the gold standard in
this work to measure SBP on the left brachial artery. The PPG signal was collected using the CMS50FW
Pulse Oximeter without automatic gain control (AGC) function. The PPG signal sampling rate was
60 Hz and the quantization resolution was 8 bits. The optical sensor with both red (wavelength 660 nm)
and infrared (wavelength 880 nm) light sources were used. The collected signal was sent via Bluetooth
to a PC, where SBP estimations were performed.
This study was performed at the Clinical Department of Geriatrics of the Lithuanian University
of Health Sciences. Nineteen subjects took part in the research (12 women and 7 men), including
6 persons aged 70–77, 11 persons aged 82–85, and 2 persons aged 88 years old with body mass index
B I = 22.4 ± 1.3. All subjects, but two, used blood pressure-regulating drugs. Five subjects had
ischemic heart disease.
SBP measurements and PPG records were done for each subject 5 days in a row (one per day), at
any convenient time for the subject. The subjects sat with their left hand placed on a support and a PPG
sensor placed on their left-hand finger, as shown in Figure 14a. The PPG signal recording was always
done first using the pulse oximeter. This procedure took 5 min. The SBP measurements were done
immediately after that, using the blood pressure meter, as shown in Figure 14b. Standard cuff type for
an arm circumference ranging from 220 to 320 mm was used. Since measurements were performed in
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Figure 14. (a) PPG signal recording posture; (b) SBP measurements posture.
The experimental protocol of the study was approved by the Kaunas Regional Biomedical Research
Ethics Committee (permission No. BE-2-53), allowing the use of a pulse oximeter CMS50FW at the
Clinical Department of Geriatrics. According to the Association for the Advancement of Medical
Instrumentation (AAMI) protocol [49], the blood pressure values were measured by experienced
medical staff.
All subjects were informed about the performed research and their written consent was obtained.
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3. Results
Nineteen subjects took part in the research. For each of them, 5 SBP values were measured using
the oscillometric technique, and 5 SBP values were estimated using the proposed method. Therefore,
the measured values vector x and estimated values vector y contains N = 95 values.
The difference between measured and estimated SBP was calculated for each examination,
including the mean difference (MD), the standard deviation (SD), and the relative error (er), in order to
evaluate the performance of the proposed method (Table 1):
Table 1. Performance of the proposed method.
r (p < 0.001) MD SD er, %
0.86 −0.043 6.79 0.025 ± 5.44
A Pearson’s correlation value shows that the estimated and measured SBP values correlated well
(r = 0.86, p < 0.001). This statistically significant tight correlation shows that the proposed method is
suitable for continuous systolic blood pressure estimation using PPG recording devices with a low
sampling rate (up to 60 Hz) and low resolution (up to 8 bits).
The measured MD and SD values are within the requirements of the AAMI standard (MD =
±5 mmHg and SD = ±8 mmHg) [49], since the mean difference MD = −0.043 and standard deviation
SD = 6.79, though the study does not comply with the AAMI protocol, which requires more subjects
with different blood pressures and auscultatory technique as a reference method to evaluate the
accuracy of the proposed method.
The Bland–Altman plot, as discussed in Reference [50], is commonly used for the comparison of
clinical results obtained by using different methods. In Figure 15, we present the agreements of the
measured and estimated blood pressure values. The horizontal part of the plot corresponds to the
mean values of the measured and estimated SBP, while the vertical axis shows the difference between
these values. The mean difference of all the subjects is calculated and represented as a horizontal line,
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Figure 15. Bland–Altman plot presenting the values of the difference (SBPe–SBPm) as a function of the
mean of SBPm and SBPe.
The comparison of estimated and measured values in Figure 15 shows that the error bias,
−0.043 mmHg between the gold standard and measured SBP values, is close to zero, while the values
of the SD of bias 6.79 mmHg for SBP are very similar to the results of other authors. The systematic
tre ds in Figure 15 s ow, that there ar s me errors caused by the method itself, mos likely due to
rounding procedures.
Table 2 shows the comparison f the pro osed SBP estimation method with other authors’ results:
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Table 2. Evaluation of the performance of the systolic blood pressure estimation methods (MD—mean
difference, SD—standard deviation, SPS—samples per second).
Methods
Systolic Blood Pressure Method Performance
MD SD SPS
Proposed method −0.043 6.79 60 Hz
Ding [15] 0.37 5.21 1 KHz
Lin [13] 3.22 8.02 1 KHz
Yan [25] −0.37 4.3 200 Hz
Kurylyak [22] 3.24 3.47 125 Hz
Choudhury [20] 0.78 13.1 100 Hz
Khalid [19] −1.1 5.7 100 Hz
Xing [21] −1.67 2.46 100 Hz
Mousavi [10] Method 1 0.25 6.7 125 Hz
Method 2 0.66 7.5 125 Hz
Method 3 0.19 4.17 125 Hz
Method 4 0.2 4.73 125 Hz
As can be seen in Table 2, the proposed SBP estimation method gives similar or better results even
when the sampling rate is almost two times lower.
4. Discussion
4.1. Advantage
The original PPG based method for the continuous estimation of systolic blood pressure using
ADC with a 60 Hz sampling rate and 8-bit resolution is proposed in this paper. The main advantage
of the method is its high accuracy, which is achieved using lower sampling rates and less capable
hardware than other methods.
Since the resolution of SBP estimation is not linear (because the dependency between DPW and
SBP is not linear, as explained in “Systolic Blood Pressure Estimation Model” section), the mean
difference MD and standard deviation SD is used to evaluate the accuracy of the proposed method.
The mean difference MD = −0.043 and standard deviation SD = 6.79 matches, or even improve, the
results of the known methods (see Table 2). Though the proposed method does not meet the accuracy
requirements of the AAMI standard (due to protocol violations), the MD and SD values are within the
requirements of this standard (MD = ±5 mmHg and SD = ±8 mmHg). This shows the great potential
of the method and additional experiments are planned in the future work to evaluate full compliance
with the AAMI standard.
There are many authors performing state-of-the-art research activities in the field of continuous
and cuﬄess blood pressure monitoring. They admit that continuous blood pressure monitoring is
a very important activity and propose various non-invasive PPG based methods to solve this problem.
However, the main attention is given to the verification of the accuracy of the proposed methods and
comparison with related works, while very little or no attention is paid to the possibilities to implement
these methods in wearable systems [10,13,15,19,20,22,25]. There are known wearable (portable) blood
pressure measurement systems based on smartphones [26,27], allowing to make measurements at any
selected moment. But it is not continuous monitoring, since the idea of the continuous monitoring of
physiological parameters (including blood pressure) is that the user does not need to pay any attention
to registering those parameters.
Therefore, the main distinction of the proposed method in comparison with other state-of-the-art
approaches is that this method can be successfully applied for the implementation of a real life wearable
continuous SBP monitoring systems. The method is successfully tested using a prototype system based
on the widely available and quite cheap CMS50FW Pulse Oximeter, which is capable of transferring
PPG values via Bluetooth to a mobile phone or any other remote device. In order to reduce the number
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and complexity of calculations (and energy consumption), the proposed method analyzes the rising
edge of the PPG pulse wave only. The rising edge is less than 1/3 of the duration of the PPG pulse
wave; therefore, this significantly reduces the calculations compared to the methods which process the
entire PPG pulse wave. This is relevant for the development of wearable monitoring systems which
have very limited processing and energy resources.
4.2. Limitation
The proposed method allows us to estimate systolic blood pressure only, and this can be done
when subjects are in a calm state. Ideally, wearable devices should allow us to record systolic and
diastolic blood pressure in different situations (sitting, walking, driving, etc.) without distracting from
daily activities. In order to make such systems, the proposed method should be upgraded by adding
an additional processing stage, which would allow us to eliminate movement-induced noise, as well
as noise caused by a raised or lowered arm.
5. Conclusions
The possibility of estimating systolic blood pressure using a PPG collecting device with a low
sampling rate and resolution was investigated in this paper. We believe that such a wearable estimation
system will enable the on-demand home monitoring of systolic blood pressure as an important vital
sign, resulting in an overall reduction in cardiovascular morbidity and mortality.
Our results show that PPG recording devices with a low sampling rate (60 Hz) and low resolution
(8-bit) ADC can be successfully applied for systolic blood pressure estimation using the proposed
systolic blood pressure estimation method based on the pulse wave rising edge steepness.
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